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Terminology, units, and abbreviations

Acronym Definition

Al Artificial Intelligence

AGV Automated Guided Vehicle
AMR Autonomous Mobile Robot
CAN Controller Area Network

E2E End-to-End

EV Electric Vehicle

GHG Greenhouse Gas

GPS Global Positioning System
GPU Graphics Processing Unit
HVAC Heating, Ventilation, and Air Conditioning
ICV Internal-Combustion Vehicle
IMU Inertial Measurement Unit

About YAAK

Yaak develops the natural-language spatial intelligence layer that enables robots and vehicles to
learn reliably from real-world data across diverse embodiments, including cars, forklifts,
humanoids, drones, and mobile manipulators. The company provides a hardware-agnostic full
cycle platform, Nutron, that integrates multimodal sensing (e.g. vision, inertial data, GPS, joint
telemetry) with end-to-end (E2E) learning to retrieve, curate, and train on high-information
behavioral episodes. This architecture allows rapid improvement of physical Al policies,
deployment across heterogeneous robotic fleets, and substantial reductions in the data and
compute typically required for autonomy.
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About this study

This study analyses the environmental implications of Yaak's natural-language spatial intelligence
layer for robotics. It draws on sectoral evidence to assess how improved data curation, targeted
episode retrieval, E2E multimodal control models, and low-power inference influence energy use,
behavioural efficiency, and compute demand across transport, logistics, and industrial
applications. The analysis reviews where software-enabled optimisation can lower energy
intensity (such as reducing idle motion, smoothing trajectories, improving fleet coordination, and
lowering the compute requirements of autonomy) and where systemic effects may offset these
gains. It also examines how Yaak's open-source tooling may generate positive spillovers by
reducing duplicated data collection and compute, while identifying boundary conditions
(electrification levels, grid carbon intensity, deployment context, and model-efficiency
governance) that shape whether efficiency improvements translate into absolute greenhouse-gas
(GHG) reductions. Overall, the study evaluates Yaak as a digital enabler whose net environmental
impact depends on how, where, and under which constraints its technology is deployed.
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1. The challenge: inefficient and fossil-dependent
physical operations

Industrial production and transport remain two of the largest sources of environmental pressure
globally. Industry accounts for roughly 25% of global GHG emissions and about 37% of final
energy use, reflecting dependence on fossil fuels for heat, process emissions, and mechanical
energy (IEA 2023; IPCC 2023). It also drives significant freshwater withdrawals and material
extraction through largely linear resource flows (UNEP, 2024; Eurostat 2025b). These pressures
are intensifying: electrification and clean-energy technologies require large volumes of critical
materials, with demand for lithium, nickel, rare earth elements, and other minerals projected to
grow by 10-100x by 2040 under accelerated transition scenarios (IEA 2023). Without substantial
efficiency gains, this material surge risks reinforcing climate, water, and resource overshoot.

Industrial utilisation patterns exacerbate the burden. Many facilities operate with low asset
utilisation, high idle energy consumption, and limited operational transparency, raising energy
intensity per unit of output (WEF 2023). Digital adoption remains uneven: only about 60% of EU
firms met basic digital-intensity thresholds in 2023, and advanced optimisation or monitoring
systems remain concentrated among a minority of large enterprises (Dan et al. 2023; Eurostat
2025a). These structural inefficiencies increase total electricity and material demand beyond what
would be required under well-optimised conditions.

Transport imposes a similarly persistent environmental load. In the EU, it is the most
fossil-dependent emitting sector, responsible for nearly one-quarter of total GHG emissions and
over 90% reliance on oil-based fuels (EEA 2024). Despite rapid growth in electric-vehicle (EV)
sales, they represent less than 3% of the EU vehicle stock, leaving most vehicle-kilometres
powered by internal-combustion engines (IEA 2024a). Empirical evidence shows that suboptimal
routing, congestion, and driving-behaviour variance can increase energy use by 10-40%,
compounding the impacts of an already carbon-intensive fleet (Al-Wreikat et al. 2021).

A rapidly expanding digital infrastructure adds a third layer of environmental pressure. Data
centres, cloud systems, and Al workloads are projected to consume 620-1,050 TWh of electricity
annually by 2030, nearly doubling 2022 levels (IEA, 2025). Training and running large multimodal
or control-oriented Al models often requires tens of megawatt-hours per run, further increasing
upstream emissions (Patterson et al. 2021). As digital workloads accelerate alongside industrial
and transport demand, the combined pressures of energy use, resource extraction, and fossil
dependence keep overall environmental impacts significantly above what optimised systems
would require. This challenge is structural and growing, driven by rising material needs, expanding
mobility demand, and the compounding footprint of digital infrastructure.

[N


https://www.zotero.org/google-docs/?0XeDju
https://www.zotero.org/google-docs/?tpNOSc
https://www.zotero.org/google-docs/?WDf7zh
https://www.zotero.org/google-docs/?47edLr
https://www.zotero.org/google-docs/?z3U6bL
https://www.zotero.org/google-docs/?VN1d6W
https://www.zotero.org/google-docs/?6Lb7yn
https://www.zotero.org/google-docs/?6Lb7yn
https://www.zotero.org/google-docs/?LUWUwm
https://www.zotero.org/google-docs/?0bBnVG
https://www.zotero.org/google-docs/?PhLHP4
https://www.zotero.org/google-docs/?3pm4kD
https://www.zotero.org/google-docs/?fx9r5Y

2. The solution: Yaak as the natural-language
spatial intelligence layer for robotics

Reducing the environmental burden of industrial and transport systems hinges first and foremost
on rapid electrification, which remains the single most effective pathway to lowering operational
emissions. Yet, electrification alone is not enough: real-world energy demand still depends on
how efficiently physical assets are used. Automation can further reduce energy intensity by
cutting idle motion, smoothing trajectories, lowering behavioural variance, and increasing
utilisation of existing physical operations, thus amplifying the benefits of electrification. Capturing
these gains has been difficult in practice because robots and vehicles continue to learn from
fragmented datasets, depend on compute-heavy autonomy stacks, and require
engineering-intensive workflows that limit the pace and scope of optimisation. Yaak aims to
address these constraints by providing a unified intelligence layer that enables robots to learn
directly from real-world data through natural-language interfaces and low-compute models,
making efficiency improvements more accessible and scalable across diverse operational
contexts.

Yaak's technical solution centres on Nutron, a hardware-agnostic platform for curating, training,
and deploying robotic control models using natural language directly over large-scale multimodal
datasets. Instead of constructing manual data pipelines or hand-engineered filtering scripts, users
can describe behaviours or conditions of interest through text or voice, and the system retrieves
the relevant episodes from proprietary datasets reaching petabyte scale. This design lowers the
barrier for non-technical operators, accelerates dataset construction, and reduces the quantity of
data required to fine-tune high-quality models.

To support this workflow, Yaak provides rbyte/tron, open-source toolchains for building and
refining E2E models for robotics. These tools allow developers to assemble multimodal training
sets, trace model performance across embodiments, and deploy updated policies quickly, closing
the loop between real-world experience and autonomy improvements.

The platform's primary model, rmind zero, is an E2E foundation model for control across cars,
forklifts, humanoids, robotic arms, drones, and other systems. lts architecture integrates
composable multimodal backbones that process visual inputs, inertial-measurement-unit (IMU)
data, global-positioning-system (GPS) signals, joint telemetry, and messages from the
controller-area-network (CAN) bus. The system uses programmable causal masking to unify
spatial and temporal reasoning, together with causal learning objectives designed to limit shortcut
correlations that commonly arise in imitation learning. Embodiment transferability is a central
design principle: the model is intended to adapt to new platforms with minimal fine-tuning,
reducing duplicated data collection and lowering the compute cost of scaling autonomy.

Yaak reports exceptional high efficiency in training and inference. In internal tests, rmind zero was
fine-tuned for autonomous driving using ten epochs on four NVIDIA RTX4090 GPUs, relying on
<2% of the company’s learning-to-drive dataset (~500 hours) and consuming ~70 kWh for a
large-scale run. By comparison, NVIDIA's COSMOS foundation model reportedly required 10,000
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H100 GPUs and ~70,000 kWh to train; suggesting a 2-3 orders of magnitude difference in energy
use. Low-power deployment is another pillar: Yaak's architectures target ~25 W embedded devices
such as NVIDIA Orin NX, compared to 130 W-class hardware commonly used in autonomous
vehicles. This level of efficiency materially reduces energy use per task and enables autonomy on
smaller platforms with lower embodied emissions.

Early evaluations, such as predicting expert driving behaviour on unseen routes, indicate that
rmind zero can learn competent control policies from compact datasets, though overshoots (e.g.,
regenerative braking) illustrate where further conditioning is needed. The model is slated for
release on Hugging Face, which should allow independent validation across embodiments.

Overall, Yaak's approach, natural-language data curation, lightweight multimodal modelling, and
low-power inference, is designed to make robotic learning more sample-efficient,
compute-efficient, and broadly deployable. If these capabilities perform reliably outside
controlled tests, they could allow automation to deliver substantial efficiency improvements
across industrial and mobility systems, reinforcing the climate benefits of electrification by
reducing the energy required for real-world operations.

3. Environmental impacts and potential use cases

Efficiency gains in physical operations arise primarily through smoother trajectories, reduced idle
behaviour, coordinated fleet movement, and lower-power compute. Across transport and
logistics, Yaak's most relevant domains, peer-reviewed studies consistently report 10-30%
reductions in fuel or electricity use when control policies are improved, and unnecessary motion is
eliminated (Perotti et al. 2024; Soori et al. 2023). These validated pathways form the basis for
assessing potential environmental benefits from platforms that improve control performance
using targeted real-world data.

However, in autonomous systems, operational efficiency gains must be evaluated jointly with the
additional energy demand imposed by sensing, computation, and data transmission. Recent
reviews emphasise that the energy footprint of autonomy hardware (cameras, LiDAR, radar,
onboard compute, communication modules) can materially increase vehicle primary energy
consumption and partially offset behavioural efficiency improvements (Rajashekara and Koppera
2024; D. Katare et al. 2023). Environmental outcomes therefore depend on whether behavioural
efficiency gains exceed this auxiliary compute burden.

3.1. Transport & mobility

Transport offers the clearest evidence that behaviour-aware control reduces energy use.
Real-world studies indicate that optimised acceleration, braking, and speed control can
substantially lower consumption, with electric vehicles (EVs) achieving up to ~30% energy savings
on urban roads (largely through improved use of regenerative braking) and internal-combustion
vehicles (ICVs) reducing fuel use by 10-30%, depending on traffic conditions and transmission
type (Miqdady et al. 2025). Behavioural variance is a major source of inefficiency: aggressive or
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inconsistent manoeuvres can increase energy demand by 30-40%, particularly in congested
environments (Al-Wreikat et al. 2021). Early autonomous-vehicle field tests suggest that
smoother urban acceleration can improve energy efficiency by up to ~60%, although gains
remain highly context-dependent, varying with route characteristics, traffic density, and control
algorithms (Tu et al. 2024).

At the same time, empirical estimates suggest that autonomy-related compute and sensor loads
can consume ~10% of battery energy during highway driving, ~20% in mixed conditions, and up
to ~30% in dense urban driving, reducing EV range accordingly (Rajashekara and Koppera 2024).
When system-level effects (eco-driving, platooning, congestion reduction) are included, net
energy and GHG reductions of up to ~9% are reported for baseline mid-size EVs, indicating that
autonomy can be net-positive provided compute intensity remains constrained (Rajashekara and
Koppera 2024).

Platforms that systematically identify and retrain on high-impact behavioural patterns (e.g.,
inefficient braking or unstable speed control) directly target the operational drivers highlighted in
this literature. For Yaak, the environmental relevance is twofold: (1) reducing per-kilometre energy
use through smoother control, and (2) lowering the compute intensity required to achieve
autonomy. In high-utilisation fleets (ride-hailing, autonomous shuttles, delivery services), even
conservative efficiency improvements can scale with annual vehicle-kilometres travelled,
producing meaningful reductions in electricity or fuel consumption and associated emissions,
provided that compute-related auxiliary loads do not offset behavioural gains.

3.2. Warehousing & logistics

Warehousing and logistics consistently benefit from improved robot coordination and motion
efficiency. A comprehensive review of warehouse automation technologies finds 10-20%
reductions in electricity use when Al systems optimise routing, reduce idle time, and synchronise
flows across receiving, storage, and picking (Perotti et al. 2024). Industrial robotics studies similarly
report 10-34% lower electricity consumption through refined trajectory planning and smoother
velocity profiles (Soori et al. 2023). Facility-level optimisation studies demonstrate 10-20%
reductions in energy per move when robot routing is aligned with lighting and HVAC schedules
(Wang et al. 2025). Comparable savings are observed in port logistics, where dynamic scheduling
reduces equipment idle time and travel distance by 10-20% (Tsolakis et al. 2021).

These findings show that even incremental improvements in motion efficiency and reduced idle
behaviour translate into substantial energy savings. Lower-power inference architectures further
reduce baseline consumption for autonomous mobile robot (AMRs), automated guided vehicle
(AGVs), and autonomous forklifts, an effect that compounds in large fleets. With more than one
million AMRs deployed globally (WEF 2025), the aggregate potential is significant.
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3.3. Other sectors

Beyond transport and warehousing, several adjacent sectors exhibit environmental gains driven
by the same mechanisms, reduced idle motion, improved trajectory efficiency, and lower
compute intensity.

Municipal and service robotics. Studies show that service robots can reduce energy use primarily
through improved coverage planning, reduced idle navigation, and fewer repeated or failed
missions (Galceran and Carreras 2013, Soori et al. 2023). Embedded-systems research
consistently shows that lower inference workloads reduce power draw and extend operational
time (Patterson et al. 2021). These efficiency gains are highly context-dependent but scale with
utilisation intensity and grid carbon intensity.

Industrial vehicles and mobile machinery. Energy-aware control also applies to forklifts, yard
tractors, and other industrial mobile platforms. Empirical studies on industrial manipulators show
10-34% reductions in electricity consumption through trajectory optimisation and smoother
velocity profiles (Muru and Rassolkin 2025). Although these findings come from stationary
systems, the underlying mechanism, minimising acceleration variance and eliminating
unnecessary motion, maps directly to mobile machinery, where travel inefficiency is a dominant
driver of total energy use (GVR 2025).

Research and academia. Open-source datasets and shared model components reduce duplicated
data-collection missions and avoid repeated training of baseline encoders across institutions.
Since training modern multimodal models can require tens of megawatt-hours (Patterson et al.
2021), open access to real-world data and tooling can materially lower system-wide compute
demand. The environmental benefit is indirect but significant at scale.

4. Systemic view: open-source spillovers, rebound
channels, and impact guardrails

While Yaak's approach has the potential to reduce energy use and compute demand, efficiency
alone does not guarantee lower environmental impact. Well-documented rebound dynamics in
both physical and digital systems can offset gains if deployment is not carefully governed.

In autonomous systems, two energy domains must be considered simultaneously: operational
energy (fuel or electricity per kilometre/task) and digital energy (training, inference, and data
processing). Net climate benefit therefore depends on reducing total fleet-level energy use, not
merely improving energy intensity.
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4.1. Positive spillovers from open-source release

According to the company, Yaak's open-source datasets, tooling (rbyte), and benchmarking
frameworks aim to increase transparency and improve model efficiency across the robotics
ecosystem. Potential system-level benefits include:

Reduced duplicate data collection, lowering unnecessary vehicle- or robot-kilometres.
Standardised efficient workflows, helping teams converge on lower-compute training and
evaluation methods.

Broader accessibility, enabling academic and low-resource institutions to work with
efficient architectures rather than reproducing large, high-power models.

These spillovers align with evidence that duplicated Al training and fragmented tooling contribute
significantly to digital emissions (Patterson et al. 2021).

4.2. Negative systemic effects and rebound risks

Despite these benefits, several risks could reduce or reverse environmental gains:

Throughput rebound: Efficiency can increase total kilometres travelled, or robotic tasks
performed, raising net energy use (Brockway et al. 2021)

Digital rebound: Lower compute cost may accelerate model experimentation and
retraining, increasing total compute demand (Luccioni et al. 2025).

Autonomy energy penalty: If onboard compute drifts toward high-power architectures,
the 3-20% auxiliary energy increase documented in autonomous vehicle systems may
offset behavioural gains (Rajashekara and Koppera 2024).

Sectoral rebound: Autonomy deployed in high-elasticity, emissions-intensive sectors
(e.g., on-demand delivery) can raise overall environmental pressure even if per-task
energy falls.

Electrification misalignment: Scaling autonomy faster than EV adoption risks increasing
fossil-fuel consumption and emissions.

Open-source misuse: Public datasets or models could be used to support applications
with adverse environmental externalities.

4.3. Risk mitigation and boundary conditions for

net-positive impact

To ensure Yaak delivers a net environmental benefit, deployment should satisfy several boundary
conditions:

1.

2.

High EV penetration in target fleets, so efficiency gains translate into operational
emissions reductions.
Low-carbon electricity to maximise the value of reduced energy demand.

10

[N


https://www.zotero.org/google-docs/?h4vYaO
https://www.zotero.org/google-docs/?l8Syw1
https://doi.org/10.1016/j.rser.2021.110781
https://www.zotero.org/google-docs/?1tSWke
https://www.zotero.org/google-docs/?Ah0Uoc

3. Prioritisation of (green) low-elasticity sectors such as specific warehousing, municipal
fleets, and industrial yards where rebound effects are limited.

4. Maintaining model efficiency, avoiding a shift toward larger, high-power architectures.

5. Governance of data and compute, including norms discouraging unnecessary data
generation and excessive retraining cycles.

6. Energy-linked operational metrics (energy per km or task) to ensure optimisation targets
align with environmental outcomes.

7. Avoiding premature hardware turnover, using low-compute autonomy to extend
equipment lifetimes.

8. Monitoring total fleet-level energy use (absolute MWh), not only intensity metrics, to
detect rebound effects early.

Under these conditions, the available evidence indicates that Yaak's approach could act as a net
reducer of operational energy use and digital compute demand, contributing positively to
decarbonisation in transport and logistics.

Callout Box: Spatial intelligence as critical infrastructure

Labour scarcity, climate constraints, and rising volatility across energy and supply chains are current
structural conditions shaping industrial and transport systems. Logistics, warehousing, and municipal
operations face persistent workforce shortages at the same time as electrification and decarbonisation
policies raise requirements for operational reliability and energy efficiency (IEA 2024a; OECD 2025). In
this context, the limiting factor for automation is not hardware availability, but the fragility of current
autonomy stacks: fragmented software, bespoke data pipelines, and models that fail to generalise across
environments or embodiments. These characteristics make many automated systems brittle precisely
where resilience is most needed; mixed fleets, legacy assets, and unstructured, climate-exposed settings.

Yaak's natural-language spatial intelligence layer should therefore be understood in this environment as
part of the resilience-enabling infrastructure. By allowing robots and vehicles to retrieve, curate, and learn
from high-information real-world episodes using natural language, Yaak reduces dependence on scarce
specialist engineering labour and lowers the effort required to adapt behaviour when conditions change.
Cross-embodiment learning and low-compute control further reduce systemic fragility by enabling
continuity of operations across heterogeneous platforms and constrained energy budgets, an
increasingly critical property under energy price volatility and supply disruptions (OECD 2025; Hallegatte
et al. 2019). These capabilities matter less for squeezing incremental productivity gains from stable
systems than for maintaining functionality under stress. As industrial systems become more electrified,
more variable, and more exposed to shocks, spatial intelligence of this kind shifts from a performance
enhancer to a foundational layer of resilient physical infrastructure.

5. Conclusion

Industrial production, transport, and the digital infrastructure that underpins them are generating
rapidly rising environmental pressure. Electrification and automation are critical to reducing this
burden, yet efficiency losses (i.e. idle operation, behavioural variance, fragmented data systems,
and reliance on high-compute autonomy stacks) continue to inflate the energy and material
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demands of real-world operations. As a result, emissions and resource use remain significantly
above technologically achievable levels.

Yaak targets these structural inefficiencies by introducing a unified, natural-language spatial
intelligence layer for robotics. Its approach, combining targeted retrieval of high-information
real-world episodes, end-to-end multimodal control models, and low-power inference, is
designed to reduce the data, compute, and engineering overhead traditionally required to
improve robotic and vehicular behaviour.

Scientific evidence shows that smoother trajectories, reduced idle motion, lower behavioural
variance, and improved coordination can reduce operational energy use by approximately
10-40% across transport and logistics systems under appropriate conditions. At the same time,
autonomous systems introduce additional sensor and compute loads that can increase vehicle
energy consumption by 3-20% depending on architecture and automation level (Rajashekara and
Koppera 2024). When system-level effects such as eco-driving, platooning, and congestion
reduction are included, net energy and GHG reductions of up to ~9% are reported for baseline
mid-size EVs, indicating that autonomy can be net-positive provided compute intensity remains
constrained (Rajashekara and Koppera 2024). The net environmental effect therefore depends
on whether behavioural efficiency gains exceed the auxiliary energy burden of autonomy.

These pathways directly complement the electrification transition by lowering the electricity (or
fuel) required per unit of service. However, efficiency gains do not automatically translate into
lower environmental impact. Rebound mechanisms, particularly increased throughput, expanded
digital retraining cycles, and rapid deployment into high-elasticity sectors, can offset or exceed
operational savings if not actively managed.

Crucially, impact must be evaluated at the level of total fleet energy use (absolute MWh), not only
energy per task. The net effect thus depends not only on technological performance but also on
deployment context: high EV penetration, low-carbon electricity, governance of data and
compute, prioritisation of low-elasticity, climate-aligned applications, and the preservation of
model efficiency.

Under these boundary conditions, Yaak's architecture has the potential to reduce both operational
and digital energy demand, lowering emissions across transport and logistics systems that are
central to climate mitigation.
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